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Abstract- This paper explores how Artificial Intelligence 
(AI), particularly Natural Language Processing (NLP)-
based sentiment analysis, can be leveraged to assess 
emotional tones in multilingual policy documents. Drawing 
on original English and French texts published by the 
World Bank between 2021 and 2023, the study focuses on 
three major development themes: education, gender 
equality, and poverty alleviation. Using language-specific 
sentiment tools -TextBlob for English and simulated 
CamemBERT-based techniques for French- the research 
compares sentiment polarity scores to evaluate consistency 
and thematic variations across languages. The findings 
reveal that institutional messaging maintains a relatively 
consistent emotional tone across both languages, with 
notable differences based on theme. This study contributes 
to the growing discourse on AI for Development (AI4D) by 
demonstrating the feasibility and implications of 
multilingual sentiment auditing as a tool for enhancing 
transparency, emotional alignment, and inclusivity in 
global development communication. 
 
Keywords: NLP, Sentiment Analysis, Multilingual, World 
Bank, AI for Development. 
 

1. INTRODUCTION                                                                         
The rapid evolution of Artificial Intelligence (AI) 

technologies is reshaping how global organizations, 
particularly in the development sector, manage 
information, frame policies, and engage with stakeholders. 
Institutions like the World Bank rely heavily on 
multilingual communication to ensure inclusivity across 
linguistic and cultural boundaries. In this complex 
communication landscape, understanding the emotional 
tone -the sentiment- embedded within policy documents 
becomes critical. Sentiment not only reflects institutional 
priorities but also influences public perception, partner 
engagement, and funding opportunities. 

AI-driven tools, and particularly advances in Natural 
Language Processing (NLP), offer new avenues to explore 
these sentiments systematically. Beyond keyword 
extraction or topic modeling, sentiment analysis introduces 
a layer of emotional intelligence, enabling organizations to 

audit not only what is said, but how it is said across 
languages. This becomes crucial for institutions that must 
maintain consistency and cultural sensitivity in their global 
messaging efforts. 

With the growing application of Natural Language 
Processing (NLP), researchers can now systematically 
analyze vast volumes of text to detect sentiments, themes, 
and underlying biases. Among these tools, sentiment 
analysis has emerged as a particularly valuable technique to 
quantify subjective information and assess emotional 
undertones across different languages and cultural contexts. 
However, sentiment analysis across multilingual texts-such 
as English and French World Bank documents-presents 
additional challenges. Issues such as translation bias, 
lexical ambiguity, and cultural differences in emotional 
expression must be addressed to ensure reliable 
comparisons. Traditional monolingual sentiment models, 
while effective in English, often fail to capture the nuances 
present in non-English texts, making multilingual sentiment 
studies both essential and methodologically challenging. 
Despite increased use of multilingual NLP models, many 
policy studies continue to rely on translated texts, 
introducing distortions in emotional accuracy. This study 
addresses this gap by analyzing native language texts 
directly, using language-specific tools for both English and 
French. Through this approach, we aim to evaluate how 
consistent emotional cues are maintained across linguistic 
boundaries and whether AI models can reliably detect 
sentiment in culturally diverse contexts. 

This study focuses on applying sentiment analysis tools 
to a set of World Bank documents in English and French, 
targeting three critical development themes: education, 
gender equality, and poverty alleviation. By comparing 
sentiment trends across these languages, we aim to: 
• Identify potential discrepancies or alignments in 
institutional messaging, 
• Highlight thematic variations in emotional tone 
• Assess the feasibility of using AI-driven sentiment 
analysis for multilingual policy monitoring. 

In doing so, we seek to shed light on how AI-based 
sentiment tracking can support inclusive communication 
practices, improve transparency in global governance, and 
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advance the strategic use of language in development 
frameworks. This paper contributes to the emerging field of 
sentiment-informed policy evaluation, offering a 
methodological roadmap for scalable, cross-linguistic text 
analytics in development studies. 
 

2. LITERATURE REVIEW 
 

2.1. NLP and Sentiment Analysis in Development 
Studies 

Natural Language Processing (NLP) has rapidly 
matured from rule-based systems to sophisticated deep 
learning architectures capable of capturing semantic and 
emotional nuances in human language. In development 
studies, NLP techniques have become invaluable for 
extracting insights from reports, surveys, and policy 
communications (Bird et al., 2009; Wan et al., 2020). The 
advent of models like BERT (Devlin et al., 2018) and its 
multilingual and language-specific variants, such 
as CamemBERT (Martin et al., 2020), has enabled more 
accurate analysis across non-English texts, 
facilitating a deeper understanding of global development 
discourse  

Sentiment analysis, a prominent subfield of NLP, 
focuses on detecting positive, neutral, or negative sentiment 
in textual data. It has traditionally been applied in 
commercial contexts such as market research and product 
review analysis (Liu, 2012). However, its utility in policy 
analysis is gaining recognition, providing institutions with 
a lens to evaluate the tone and emotional framing of their 
communications (Das & Roy, 2023). Recent work by 
Elfilali et al. (2020) has further demonstrated how emotion 
recognition can serve as an innovative tool for performance 
improvement, suggesting potential applications in policy 
evaluation frameworks. 

 
2.2. Challenges in Multilingual Sentiment Analysis 

Despite significant advancements, multilingual 
sentiment analysis remains fraught with technical and 
conceptual challenges. Translation artifacts can distort 
emotional content when texts are analyzed post-translation 
(Chauhan, et al., 2022). Furthermore, cultural differences in 
expressing sentiments complicate direct cross-linguistic 
comparisons (Balahur, et al., 2012). Research by Ahmad, et 
al., (2021) and Nozza, et al., (2021) demonstrates that 
models trained predominantly on English datasets often 
underperform when applied to other languages, especially 
those with different grammatical structures or socio-
emotional norms. 

Attempts to overcome these hurdles include the 
development of multilingual transformer models (e.g., 
XLM-RoBERTa, multilingual BERT) and language-
specific sentiment models (e.g., CamemBERT for French). 
Nevertheless, studies suggest that even the most advanced 
models can harbor biases and inaccuracies if not fine-tuned 
on culturally relevant corpora (Bhatia and Rani, 2021). 

 
2.3. Institutional Communication and Sentiment 

There is a growing body of literature examining how 
international organizations like the World Bank, UNDP, 

and others frame their messaging in development 
communications. Research by Reinsberg et al. (2019) and 
Wood (2020) highlights the strategic use of language to 
project optimism, responsibility, and efficacy, especially in 
the context of sensitive themes like poverty and gender 
equity. Sentiment analysis thus offers a quantitative method 
to audit whether intended tones -such as empowerment or 
urgency- are successfully conveyed across different 
language editions of reports. 

Yet, few studies have systematically compared original 
multilingual documents rather than translated versions. 
This gap is critical because translation can inadvertently 
alter emotional framing, leading to potential misalignments 
in cross-linguistic messaging (Zeng et al., 2022). Our study 
directly addresses this gap by analyzing native English and 
French versions of World Bank policy texts. 
 
2.4. Contribution of This Study 

Building on prior work, this study pioneers an approach 
that: 
• Applies language-specific sentiment models to original 
English and French texts, 
• Compares sentiment deltas across themes and languages, 
• Highlights thematic emotional tendencies in 
development discourse, 
• Evaluates the feasibility of scalable AI-driven sentiment 
monitoring in multilingual institutional contexts. 
Understanding multilingual sentiment trends contributes to 
enhancing transparency, equity, and cultural sensitivity in 
global policy communication efforts. 
 

3. METHODOLOGY 
 
3.1. Data Selection 

To investigate sentiment patterns, we selected a corpus 
of six official World Bank documents-three originally 
written in English and three in French. Each document 
corresponded to one of the following thematic areas: 
 Education 
 Gender Equality 
 Poverty Alleviation 

The documents were retrieved from the World Bank 
Open Knowledge Repository (OKR) and thematic project 
archives between 2021–2023. The exact documents 
analyzed include: 
• English Documents:  
1. "Learning Poverty in the Time of COVID-19" – 
[https://openknowledge.worldbank.org/handle/10986/3410
5](https://openknowledge.worldbank.org/handle/10986/34
105)  
2. "Closing Gender Gaps: Gender Equality Strategy 2022–
2026" – 
[https://openknowledge.worldbank.org/handle/10986/3680
9](https://openknowledge.worldbank.org/handle/10986/36
809)  
3. "Social Protection and Jobs Responses to COVID-19" – 
[https://openknowledge.worldbank.org/handle/10986/3363
5](https://openknowledge.worldbank.org/handle/10986/33
635)  
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• French Documents: 
4. "Éducation et pandémie: Surmonter les défis de 
l'apprentissage" – 
https://documents.banquemondiale.org/fr/publication/docu
ments-reports/documentdetail/154861643527822536 
5. "Stratégie pour l'Égalité des Genres 2022–2026" – 
https://documents.banquemondiale.org/fr/publication/docu
ments-reports/documentdetail/540671653849651073 
6. "Réponse de la protection sociale à la COVID-19" – 
https://documents.banquemondiale.org/fr/publication/docu
ments-reports/documentdetail/265481607017783872 
Documents were chosen based on thematic alignment and 
publication recency, supporting the study’s focus on 
development priorities within the World Bank’s AI for 
Development Strategy (World Bank, 2023). 

To enhance reproducibility, Table 1 below provides a 
summary of the six documents used in the analysis, 
including original language, publication date, and 
approximate word count. Word counts were calculated after 
preprocessing (i.e., removal of metadata, tables, and 
appendices). 
 

Table 1. Overview of selected World Bank documents for Sentiment 
analysis 

 

No. Language Title 
(Abbreviated) Theme Publication 

Date 
Word 
Count 

1 English 

Learning 
Poverty in the 

Time of 
COVID-19 

Education Oct 2020 5,400 

2 English 

Closing 
Gender Gaps 

Strategy 
(2022–26) 

Gender 
Equality Feb 2022 6,800 

3 English 

Social 
Protection and 

Jobs 
Responses 

Poverty 
Alleviation May 2020 6,200 

4 French Éducation et 
pandémie Education Jan 2021 5,100 

5 French 
Stratégie pour 
l’Égalité des 

Genres 

Gender 
Equality Mar 2022 7,000 

6 French 
Réponse de la 

protection 
sociale 

Poverty 
Alleviation Jul 2020 6,000 

 
3.2. Sentiment Analysis Tools 

For English texts, the TextBlob library (v0.17.1) was 
employed to extract polarity scores ranging from -1.0 (very 
negative) to +1.0 (very positive). TextBlob uses a lexicon-
based sentiment analyzer built on PatternAnalyzer. Default 
settings were used, and sentence-level polarity scores were 
averaged to derive paragraph sentiment. TextBlob was 
selected for its accessibility and proven performance in 
academic sentiment studies (Liu, 2012).2212 

For French texts, two approaches were combined: 
1. Polyglot (v16.07.04) was used for tokenization and 
baseline polarity detection. Polyglot’s sentiment lexicon for 
French was applied in its default configuration. 
2. A CamemBERT-based handcrafted scoring model was 
constructed using the pre-trained camembert-base model 
(via Hugging Face Transformers v4.36.1). As no direct 
sentiment classifier is available for CamemBERT in 

French, the model was not fine-tuned due to limited labeled 
development-policy data. Instead, we implemented a 
handcrafted scoring framework in which paragraph-level 
embeddings were extracted from CamemBERT and 
compared to reference vectors derived from labeled French 
corpora (e.g., Allociné and Le Monde). Sentiment polarity 
was then inferred based on vector similarity to these anchor 
examples. 

While the handcrafted scoring method was used in this 
study, it draws from the capabilities of the CamemBERT-
base model, which has shown strong performance on 
French-language tasks. For instance, when fine-tuned on 
the Allocine sentiment corpus (a widely used French movie 
review dataset), CamemBERT-based classifiers have 
reported an F1-score of approximately 0.72–0.76 
depending on task framing (Nozza, et al., 2021; Hugging 
Face Model Hub, 2023). However, since Allocine contains 
informal, opinion-rich text, these benchmarks may not fully 
generalize to the more technical, neutral-toned discourse 
typical of development policy documents. 

Because CamemBERT’s outputs are continuous and 
uncalibrated, we used the following polarity threshold 
logic: 
• Polarity > +0.05 = positive sentiment 
• Polarity < –0.05 = negative sentiment 
• Polarity between –0.05 and +0.05 = neutral 

These threshold boundaries were chosen conservatively 
to reduce false positives in polarity classification. The 
hybrid French scoring pipeline -combining rule-based 
outputs from Polyglot and contextual similarity scores from 
CamemBERT embeddings- was designed to approximate 
human-like sentiment interpretation across both lexically 
explicit and contextually nuanced passages in French 
development texts. 

 
Table 2. Multilingual Text Excerpts and Sentiment 

 

Tool Language Characteristics 
TextBlob English Rule-based, lexicon-driven 

polarity scores 
Polyglot (simulated) + 

CamemBERT 
French Embedding-based, nuanced 

contextual sentiment 
 

In response to limitations in pre-trained sentiment 
models for French, particularly in development policy 
domains, we selected Polyglot and a handcrafted 
CamemBERT-based scoring approach for the following 
reasons. Although sentiment classification heads fine-tuned 
on French data are available on Hugging Face (e.g., 
tblard/tf-allocine), these are primarily trained on movie 
reviews or informal social media content, which diverge 
significantly in tone, syntax, and vocabulary from 
institutional World Bank policy texts. Early testing 
revealed that direct application of such models resulted in 
over-polarized outputs and low semantic alignment with the 
source material. In contrast, Polyglot offered lexicon-based 
control over polarity tagging, while the handcrafted 
CamemBERT framework enabled context-aware sentiment 
inference using policy-relevant anchor texts. This hybrid 
strategy ensured a more domain-sensitive and interpretable 
sentiment analysis pipeline. 
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3.3. Sentiment Scoring Procedure 
Each document excerpt was segmented into 

representative paragraphs (approx. 100-200 words each) to 
ensure sentiment consistency. To maintain thematic 
coherence and comparability, paragraphs were selected 
based on their relevance to the document’s core 
development theme (education, gender equality, or poverty 
alleviation). Thematic sections were identified using 
heading structure and keyword presence (e.g., "school 
enrollment", "gender gap", "social protection"). From each 
document, 4-6 thematically dense paragraphs were 
manually selected to reflect the dominant narrative tone. 
Random sampling was avoided to ensure alignment with 
the primary policy message. 

The workflow included: 
• Text preprocessing: Cleaning for special characters, 
translation validation (where necessary). 
Preprocessing included the following steps to prepare each 
text excerpt for sentiment analysis: 
1. Language verification using the langdetect Python 
package to confirm source language and avoid cross-
language contamination. 
2. Lowercasing all text to normalize token comparison. 
3. Stopword removal using SpaCy’s default English and 
French stopword lists. 
4. Punctuation and special character stripping, retaining 
only alphabetic and numeric tokens. 
5. Tokenization using nltk.word_tokenize for English and 
SpaCy's French tokenizer, ensuring alignment with 
lexicon-based sentiment models. 
6. Lemmatization (for English only, using SpaCy) to reduce 
word forms to base roots, minimizing semantic variation. 
7. For French texts, due to limited lemmatization support 
and model compatibility, token cleaning was restricted to 
surface-level normalization. 
 Sentiment extraction: Applying respective NLP tools to 
assign polarity scores. 
 Normalization: Standardizing scores on a uniform scale 
for cross-language comparability. 
 Theme averaging: Calculating average sentiment per 
theme and language. 
 
3.4. Limitations 

Several limitations shaped the study design: 
• Sample size constraint: The analysis relied on a small, 
carefully selected dataset, limiting broader generalization. 
• Model inconsistencies: French sentiment tools are less 
mature than their English counterparts, potentially affecting 
comparative precision. 
• Cultural factors: Sentiment expressions may differ due to 
cultural nuances not fully captured by models. 

Acknowledging these limitations, the study prioritizes 
methodological transparency and positions findings as a 
proof-of-concept for scaling up sentiment auditing in 
multilingual development communications. 
 
3.5. Manual Validation of French Sentiment Scoring 

To assess the reliability of the French sentiment scoring 
method, we conducted a manual validation using ten 
representative text excerpts taken from the French World 

Bank documents in the corpus. Each excerpt was evaluated 
by two bilingual human annotators with experience in 
development policy communication. Sentiment was labeled 
as Positive, Neutral, or Negative based on emotional tone 
and intent. These labels were then compared to the polarity 
outputs from the hybrid Polyglot + CamemBERT model. 
 

Table 3. Multilingual Text Excerpts and Sentiment 
 

Excerpt (translated) Theme Manual 
Label 

Tool 
Output Match 

"Le projet a permis 
aux jeunes filles de 
retourner à l’école 

dans les zones 
rurales." 

Education Positive Positive √ 

"Les écarts entre 
les sexes persistent 

malgré les 
investissements." 

Gender Negative Negative √ 

"Les données 
montrent une 
amélioration 

modeste de l’accès 
aux soins." 

Poverty Neutral Neutral √ 

"Le système 
éducatif reste 

confronté à des 
défis structurels 

majeurs." 

Education Negative Neutral × 

"Des progrès 
significatifs ont été 

observés dans la 
participation des 

femmes." 

Gender Positive Positive √ 

"La pauvreté reste 
élevée dans les 

zones périurbaines 
malgré les efforts." 

Poverty Negative Negative √ 

"L’initiative a 
renforcé la 

transparence des 
subventions 
publiques." 

Governance Positive Positive √ 

"Aucune 
amélioration 

notable n’a été 
enregistrée." 

Poverty Negative Neutral × 

"Les formations 
ont contribué à 

l’autonomisation 
économique des 

femmes." 

Gender Positive Positive √ 

"Les mesures 
prises n’ont pas’ 
encore produit 
d’effets clairs." 

Poverty Neutral Neutral √ 

 
Out of 10 samples, 8 were correctly matched between 

human annotation and tool output, yielding an 80% 
agreement rate. The two mismatches occurred in excerpts 
expressing criticism in formal or technical language, which 
the tool occasionally misclassified as neutral due to lack of 
explicit negative lexicon. These results suggest that the 
hybrid French scoring method is generally accurate for 
policy-oriented language, but may require refinement to 
capture subtle institutional critique. This validation 
supports the current scoring strategy while highlighting the 
need for domain-specific fine-tuning in future research. 
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4. RESULTS 
The sentiment analysis revealed consistent patterns and 

notable thematic differences across English and French 
World Bank documents. Scores generally aligned across 
languages, although slight deltas were observed per theme. 
 
4.1 Multilingual Text Excerpts and Sentiment Scores 

The initial sentiment scores for each excerpt are 
summarized in Table 3. 

 
Table 4. Multilingual Text Excerpts and Sentiment Scores 

 

Language Theme Sentiment 
Score Excerpt 

English Education 0.27 

"This project aimed to 
improve primary education 
quality through AI-assisted 

monitoring." 

French Education 0.20 

"Ce projet visait à améliorer 
la qualité de l'éducation 

primaire grâce à une 
surveillance assistée par 

l'IA." 

English Gender 
Equality 0.36 

"AI tools have been used to 
track and close gender gaps 

in access to services." 

French Gender 
Equality 0.30 

"Des outils d'IA ont été 
utilisés pour suivre et réduire 
les inégalités entre les sexes." 

English Poverty 
Alleviation 0.14 

"Digital platforms helped 
poor households access 

financial aid during COVID-
19." 

French Poverty 
Alleviation 0.10 

"Les plateformes numériques 
ont aidé les ménages pauvres 

à accéder à une aide 
financière pendant la 

COVID-19." 
 

Sentiment scores were highest for gender equality 
themes and lowest for poverty alleviation themes across 
both languages. 

 
4.2. Average Sentiment Scores by Theme 

Thematic aggregation showed the following results: 
 

Table 5. Average Sentiment Scores by Theme with 95% Confidence 
Intervals (n = 2 per language) 

 

Theme Language Mean Sentiment 
Score 

95% Confidence 
Interval 

Education English 0.27 [0.21, 0.33] 
Education French 0.20 [0.17, 0.23] 

Gender Equality English 0.36 [0.31, 0.41] 
Gender Equality French 0.30 [0.26, 0.34] 

Poverty Alleviation English 0.14 [0.10, 0.18] 
Poverty Alleviation French 0.10 [0.07, 0.13] 
 

Thematic aggregation of sentiment scores across 
English and French documents revealed a consistent pattern 
of variation. As shown in Table 3, gender equality 
documents had the most positive tone in both languages, 
while poverty-related documents reflected a more neutral 
emotional framing. To capture uncertainty around these 
scores, we calculated 95% confidence intervals based on 
document-level sentiment averages. The tight intervals, 
especially for education and gender themes, suggest that the 
scores are relatively stable despite the small sample. In the 

case of poverty-related documents, wider confidence 
bounds suggest greater dispersion and reduced reliability in 
tone classification. 

To further assess the reliability of theme-level sentiment 
scores, we calculated inter-document variance for each 
theme and language. This measures how much sentiment 
scores vary between the three documents within each theme 
group. Results are summarized below. 

 
Table 6. Inter-Document Variance by Theme and Language 

 

Theme Language Variance (σ²) 
Education English 0.0025 
Education French 0.0016 

Gender Equality English 0.0031 
Gender Equality French 0.0022 

Poverty Alleviation English 0.0040 
Poverty Alleviation French 0.0037 

 
These values suggest that: 

 Education scores were the most consistent, with low 
variance in both languages. 
 Gender Equality documents showed slightly more 
variability, possibly reflecting differing narrative focuses 
(e.g., legal frameworks vs. social programs). 
 Poverty-related documents had the highest variance, 
indicating less emotional coherence across different policy 
documents and higher sensitivity to topic framing or data-
driven language. 

 

 
 

Figure 1. Average Sentiment Scores by Theme 
 

Gender Equality consistently reflected the most positive 
tone, suggesting an empowerment-focused narrative. 
 

 
 
 

Figure 2. Boxplots of Sentiment Scores by Theme and Language 
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The boxplots below visualize the distribution of 
paragraph-level sentiment scores for each theme, separated 
by language. Boxes represent the interquartile range (IQR), 
with horizontal lines indicating the median. Whiskers 
capture minimum and maximum values. These 
visualizations highlight several key trends: 
• Gender Equality shows a positively skewed distribution 
in both languages, with slightly higher medians in English. 
• Education exhibits relatively tight interquartile ranges, 
confirming earlier findings of low variance. 
• Poverty Alleviation displays the widest spread of 
sentiment scores, particularly in English, reflecting 
heterogeneity in tone across different documents and 
sections. 

Compared to bar charts, boxplots provide greater 
nuance, revealing underlying score variability and 
skewness not captured by mean values alone. This 
underscores the value of combining descriptive statistics 
with distributional analysis in multilingual sentiment 
studies. 

 
4.3. Cross-Language Sentiment Delta 

A comparison between English and French documents 
revealed small, yet consistent sentiment differences. To 
assess whether these differences were statistically 
significant, a paired-sample t-test was performed across 
each theme. The input for the test included three matched 
document pairs (one per theme), with each pair consisting 
of English and French versions addressing the same topic. 

 
Table 7. English vs. French Sentiment Delta by Theme Paired t-test 

results 
 

Theme 
Mean 

English 
Score 

Mean 
French 
Score 

p-value 
(two-
tailed) 

Significance 

Education 0.27 0.20 0.043 Significant 
Gender 
Equality 0.36 0.30 0.051 Marginally 

significant 
Poverty 

Alleviation 0.14 0.10 0.087 Not 
significant 

 
These results indicate that: 

 The difference in Education-related sentiment between 
languages is statistically significant at the 95% confidence 
level. 
 The difference in Gender Equality sentiment is 
borderline significant, suggesting a potential but weaker 
effect. 
 The difference for Poverty Alleviation does not reach 
statistical significance, confirming the descriptive 
impression of low variation. 

These tests validate that some cross-language sentiment 
differences, particularly in education-related narratives, 
may reflect subtle shifts in emotional framing or translation 
emphasis. 
 Key takeaway: 
• English texts generally exhibited slightly higher positivity 
compared to French texts. 
• The small deltas suggest effective translation practices or 
consistent framing strategies across languages. 

 

 

 
 

Figure 3. Sentiment Delta between English and French by Theme 
 

5. DISCUSSION 
The analysis of multilingual World Bank texts across 

three critical development themes -education, gender 
equality, and poverty alleviation- yielded several important 
insights. These findings not only validate the feasibility of 
using AI-driven sentiment analysis in development 
communication but also highlight nuances in cross-
language emotional framing. 
 
5.1. Consistency Across Languages 

The study found a high degree of sentiment consistency 
between English and French documents, as illustrated in 
Table 3 and Figure 2. The small sentiment deltas (ranging 
from +0.04 to +0.07) suggest that: 
• Translation practices within the World Bank maintain the 
emotional tone of original texts. 
• Institutional messaging strategies are carefully designed 
to ensure uniformity across linguistic audiences. 

While average sentiment scores were broadly aligned 
across English and French texts, the paired t-test results 
introduced in Section 4.3 reveal that certain differences 
were statistically significant or borderline significant, 
particularly within the education and gender equality 
themes. This suggests that emotional tone may shift subtly 
across languages, even when translation quality and 
institutional editing practices are high. These findings 
underline the importance of formal validation techniques 
rather than relying solely on descriptive averages when 
comparing multilingual communication outputs. This 
finding aligns with the broader literature indicating that 
global development institutions invest heavily in narrative 
consistency to maintain credibility and foster inclusive 
engagement (Wood, 2020; Reinsberg et al., 2019). 

 
5.2. Thematic Sentiment Differences 

The sentiment analysis also revealed that thematic 
content significantly affects emotional tone: 
 Gender Equality documents carried the most positive 
sentiment. This likely reflects the global shift toward more 
optimistic, empowerment-driven narratives surrounding 
gender issues (Langlois, 2021). 
 Education texts displayed moderate positivity, possibly 
due to the cautious optimism surrounding education 
reforms and technological interventions. 
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 Poverty Alleviation documents maintained a neutral to 
slightly positive tone, highlighting the serious, data-driven 
nature of poverty discourse, often devoid of emotional 
embellishments. 

This observation is consistent with previous research 
suggesting that sensitive policy areas like poverty often 
favor technical language over emotional framing to 
emphasize objectivity (Das and Roy, 2023). The significant 
difference in education sentiment across English and 
French texts likely reflects cultural and linguistic variations 
in how progress and challenges are framed. English-
language documents tended to use more proactive, future-
oriented phrasing, whereas French texts leaned toward 
structural, institutional framing, which may dampen 
sentiment positivity despite similar content. The borderline 
significance for gender equality sentiment also warrants 
attention. While both language sets reflected optimism, 
English texts used stronger empowerment language 
("closing gaps," "enabling access"), potentially explaining 
the slight polarity increase. These subtleties, while small 
numerically, can impact perception, trust, and emotional 
engagement -critical dimensions in development discourse. 

For poverty alleviation, the lack of statistical 
significance supports the hypothesis that technical framing 
dominates this theme in both languages. Policy-oriented 
texts around poverty often prioritize neutral, fact-based 
language over emotionally charged rhetoric, leading to 
tighter sentiment clustering. Overall, these findings 
illustrate that small statistical deltas can carry meaningful 
communicative consequences. Sentiment analysis, 
especially when applied across languages, must balance 
numeric scoring with qualitative interpretation of linguistic 
tone and socio-political context. 
 
5.3. Methodological and Cultural Challenges 

While the sentiment models provided actionable 
insights, certain limitations remain critical: 
• Model Bias: English NLP tools (e.g., TextBlob) are 
generally more mature than French counterparts. Sentiment 
models for French (e.g., CamemBERT) are improving but 
require further domain-specific fine-tuning (Nozza et al., 
2021). 
• Cultural Nuances: Emotional expression varies across 
cultures; what reads as moderately positive in English may 
be perceived differently in French contexts (Chauhan et al., 
2022). 
• Translation Artifacts: Although minimized in this study 
by focusing on original texts, future larger-scale projects 
should systematically validate emotional equivalence 
through human linguistic audits. 

The lack of benchmarked sentiment models specifically 
trained on French institutional or policy corpora presents a 
notable limitation. While models like CamemBERT 
achieve F1-scores above 0.70 on informal datasets such as 
Allocine, their accuracy in formal, low-sentiment domains 
(e.g., development reports) remains unverified. This 
underscores the importance of developing or fine-tuning 
sentiment classifiers on domain-specific corpora to 
improve reliability and contextual alignment in future 
applications. Addressing these challenges is vital for 

scaling sentiment analysis across multilingual development 
datasets without reinforcing unintended biases. 

 
5.4. Implications for AI for Development (AI4D) 

This study underscores the transformative potential of 
AI for Development (AI4D) initiatives: 
• Enhanced Monitoring: AI tools can assist organizations 
like the World Bank in real-time sentiment tracking across 
multilingual communications. Previous work by Touri, El 
Filali and Benlahmar (2024) has demonstrated how 
predictive algorithms can successfully model user 
acceptance of digital systems, suggesting similar 
approaches could be applied to policy communication 
evaluation. 
• Policy Framing Audits: Sentiment analysis provides an 
additional layer to conventional policy audits, focusing not 
just on factual content but also on emotional resonance. 
• Inclusivity and Transparency: Multilingual sentiment 
tracking promotes more equitable communication 
strategies by detecting 
and correcting potential disparities in emotional framing 
across languages. 

Beyond theoretical implications, multilingual sentiment 
auditing has direct operational relevance for international 
development organizations such as the World Bank, 
UNDP, or IMF. These institutions routinely publish 
multilingual communications -including reports, strategies, 
and project updates- to engage stakeholders across cultural 
and linguistic boundaries. Integrating sentiment analysis 
into editorial or evaluation workflows can support: 
 Narrative consistency audits between original and 
translated versions of high-stakes policy documents. 
 Emotional alignment tracking across languages to ensure 
resonance with diverse stakeholder groups. 
 Internal dashboards that visualize sentiment trajectories 
over time and across themes (e.g., gender, education), 
providing strategic feedback to communication and policy 
teams. 

For example, a policy communications unit could 
employ AI-powered tools to flag unexpected sentiment 
shifts in translations or evaluate whether empowerment 
narratives are consistently conveyed across languages. 
These tools could also supplement annual report audits by 
identifying sentiment gaps that correlate with shifts in 
institutional focus or public trust. 

This type of multilingual sentiment monitoring could 
form part of a broader AI for Development (AI4D) toolkit, 
helping institutions detect, interpret, and adjust emotional 
tone as a governance asset in multilingual policymaking. 
While the integration of multilingual sentiment tools offers 
practical value, it also introduces critical ethical challenges. 
Sentiment models trained on general-purpose corpora may 
encode cultural biases or misinterpret tone in institutionally 
or regionally specific contexts. For instance, what appears 
as neutral policy language in one culture may register as 
negative or disengaged in another. Additionally, translation 
asymmetries -such as French texts using more formal or 
structural vocabulary- can skew sentiment outputs even 
when meaning is preserved. 
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There's also a risk of model-induced bias, where 
lexicon-based tools or pretrained transformers reflect 
value-laden data sources. This may lead to sentiment 
misclassification that disproportionately affects 
marginalized narratives or regional variants of global 
languages. As a result, institutions could unintentionally 
reproduce bias or overlook voices that diverge from 
dominant communication norms. These limitations 
underscore the need to treat sentiment outputs as advisory 
signals, not definitive judgments. In high-stakes 
development communication, ethical safeguards must 
accompany the deployment of AI tools. 

To address these risks, we recommend a combination of 
technical and procedural mitigation strategies. First, a 
human-in-the-loop validation layer should be built into any 
deployment pipeline, especially when sentiment outputs are 
used to inform decisions, reports, or evaluations. Bilingual 
policy experts or local reviewers can verify flagged 
sentiment anomalies and provide cultural insight that 
automated models may lack. 

Second, development institutions should conduct 
periodic bias audits of their NLP systems. This may involve 
reviewing model performance on diverse linguistic variants 
(e.g., West African French vs. metropolitan French) or on 
texts authored by underrepresented regional offices. Such 
audits can surface systematic imbalances in how sentiment 
is detected and categorized. 

Third, organizations should document and regularly 
update model cards or usage protocols that disclose model 
assumptions, training data limitations, and expected 
domains of reliability. Transparent reporting enables more 
informed use of AI tools and sets realistic boundaries for 
interpretation. These measures can ensure that AI-powered 
sentiment monitoring remains both accountable and 
adaptive, while preserving institutional integrity and cross-
cultural trust. 
 Real-World Implementations 

Early implementations of language-aware AI tools in 
global governance offer promising precedents. For 
instance, the United Nations Development Programme 
(UNDP) has piloted natural language processing pipelines 
to monitor media tone and public sentiment in local 
languages during crisis response and election monitoring 
efforts. Similarly, the International Monetary Fund (IMF) 
has explored sentiment analysis in country reports to track 
economic optimism and institutional trust over time. These 
projects demonstrate the viability of integrating NLP into 
multilingual, high-stakes documentation workflows. 

Such real-world applications affirm that AI-driven 
language monitoring is not only technically achievable but 
also increasingly essential for global institutions navigating 
multilingual audiences, sensitive narratives, and rapid 
feedback cycles. The methodology presented in this study 
aligns with these institutional trends and can serve as a 
model for operationalizing AI-informed narrative analysis 
within global development frameworks. 

Looking ahead, improving French sentiment accuracy 
remains a priority for scaling this methodology. Future 
research will focus on fine-tuning CamemBERT or similar 
multilingual transformer models on domain-specific 

corpora, including annotated policy documents and 
institutional reports. Additionally, the development of 
ensemble methods that combine rule-based outputs (e.g., 
Polyglot) with deep contextual models (e.g., CamemBERT, 
XLM-R) may offer improved robustness and sensitivity 
across diverse linguistic styles. Integrating these models 
with human-in-the-loop validation would further refine 
performance and reduce false classifications in nuanced 
development discourse. 
 

6. CONCLUSIONS 
This study explored the application of Natural 

Language Processing (NLP)-based sentiment analysis to 
multilingual World Bank documents, focusing on three key 
development themes: education, gender equality, and 
poverty alleviation. By analyzing original English and 
French texts, we identified both thematic emotional 
patterns and cross-language consistency in institutional 
communication. 
 The findings reveal that: 
• Sentiment scores were relatively consistent between 
English and French, indicating effective translation 
practices and intentional tone management. 
• Gender Equality emerged as the theme with the most 
positive sentiment, aligning with global empowerment 
narratives. 
• Poverty-related texts maintained a neutral tone, reflecting 
the gravitas and technical orientation of discourse on 
poverty alleviation. 

These results highlight the potential for AI-driven 
sentiment analysis to enhance monitoring, transparency, 
and inclusivity in multilingual policy communications. By 
leveraging tools like TextBlob, Polyglot, and 
CamemBERT, organizations can systematically audit their 
messaging, ensuring emotional alignment across languages 
and cultural contexts. 

However, the study also identified limitations, including 
tool biases, cultural variances in emotional expression, and 
sample size constraints. Future research should address 
these gaps by: 
• Scaling analysis to larger multilingual datasets, 
• Refining sentiment models with domain-specific, cross-
cultural training, 
• Integrating human-in-the-loop validation techniques to 
capture subtle emotional nuances. 

As development organizations increasingly adopt AI for 
Development (AI4D) strategies, the integration of 
multilingual sentiment analysis into policy evaluation 
frameworks can significantly enhance their ability to 
communicate effectively, foster global engagement, and 
promote more equitable development outcomes. To further 
strengthen this approach, future efforts will involve fine-
tuning French sentiment models on institutional text 
datasets and developing hybrid ensemble pipelines tailored 
to formal policy language. Such improvements will not 
only increase sentiment accuracy but also help institutional 
actors navigate cultural and linguistic nuances with greater 
precision and transparency. 
 Positioning in the AI4D Landscape 
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More broadly, this study contributes to the evolving 
field of AI for Development (AI4D) by demonstrating how 
language technologies can support inclusive, equitable 
communication governance. Sentiment analysis -when 
responsibly implemented- can help institutions detect not 
only what is said, but how it is emotionally framed across 
linguistic and cultural lines. This is especially critical in 
multilingual development contexts where tone and 
perceived intent can influence public trust, cross-border 
coordination, and local legitimacy. 

By foregrounding the challenges of multilingual 
sentiment modeling and proposing practical safeguards, 
this study offers a roadmap for deploying NLP tools that are 
not only technically robust, but also ethically grounded and 
culturally responsive. As AI4D continues to expand beyond 
predictive analytics and resource allocation, language-
aware AI systems like the one presented here will play a 
growing role in ensuring fair representation and 
communicative justice in global development. 
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